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Purpose: This study examined the validity of one researched-based, one GPS and two 36 
consumer-based monitors, as well as six freeware Android apps (three pedometer- and three 37 
GPS-based apps) in a sample of healthy adolescents, during self-paced outdoor walking and 38 
running. 39 
Methods: Twenty-one adolescents (15.9 ± 2.0 years) participated in this cross-sectional study. 40 
They walked and ran a distance of 1.2 km for each trial. They were fitted with SenseWear 41 
Armband Pro 3, Garmin Forerunner 310XT, Garmin Vivofit, Medisana Vifit, and 42 
smartphones running the Runkeeper, Runtastic, Sports Tracker, Pedometer, Accupedo, 43 
Pedometer and Pedometer 2.0 apps. Estimation of PAEE was compared to measurement from 44 
indirect calorimetry. Repeated measures ANOVA, mean absolute percentage errors and 45 
Bland-Altman plots assessed accuracy and proportional bias. 46 
Results: PAEE estimates from all monitors and apps showed large individual errors, ranging 47 
from 13.16% for walking (Runtastic) to 37.46% for running (Vifit). For group-level 48 
differences, Forerunner, Runkeeper, Runtastic and Accupedo significantly underestimated 49 
PAEE for walking, and SenseWear, Forerunner, Runkeeper, Vifit and Pedometer 50 
significantly underestimated PAEE for running.  51 
Conclusion: Based on individual errors, none of the monitors and apps tested was accurate 52 
for estimating PAEE in adolescents. The only app that had an acceptable error was Runtastic 53 
during running. These monitors and apps are not suitable as research measurement tools for 54 
recording precise and accurate PAEE estimates. 55 
 56 
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Regular physical activity (PA), in addition to disease prevention, provides a variety of extra 70 
benefits that help individuals sleep better, feel better, and perform daily tasks more easily [1]. 71 
These benefits can be achieved in many ways and walking interventions have shown 72 
clinically relevant improvements for many cardiovascular disease risk factors [2]. 73 
Furthermore, adequate adherence to exercise is important for the effectiveness of any 74 
intervention. Among strategies to improve adherence in PA programmes, the use of 75 
electronic devices, health and fitness applications (apps), and wearable monitors have been 76 
suggested to help with monitoring of activities and PA promotion [3-5]. The study by Harris 77 
et al. [6] further suggests that primary care-based PA interventions may have lasting effects 78 
on PA levels, as well as health outcomes. 79 
In order to promote regular PA through walking, the accurate and reliable assessment of PA 80 
is necessary [7]. As mentioned by Nelson, Kaminsky, Dickin and Montoye [8], measurement 81 
accuracy is important when tracking PA variables to provide meaningful measures of PA. 82 
The concern regarding the accuracy of wearable monitors is a continual problem and it is 83 
important to balance the cost and feasibility of a monitor against its validity and reliability [9, 84 
10]. There is definitely a need for low-cost, easy-to-use, accurate PA tracking devices to use 85 
as both intervention and assessment tools in health promotion research related to PA [11]. 86 
A recent meta-analysis examined the accuracy of 40 wrist and arm-worn activity monitors’ 87 
estimates of total energy expenditure (EE), which revealed that EE estimates differed in 88 
accuracy depending on activity type. The inclusion of heart rate and heat sensors in monitors 89 
improved EE estimates relative to accelerometry alone, and research-based monitors were 90 
more accurate for total EE [12]. In addition, a review of reviews on various techniques of EE 91 
measurement in adults concluded that most activity monitors underestimated EE compared to 92 
Doubly Labelled Water technique [9].  93 
The above-mentioned reviews included studies with adult populations, and the vast majority 94 
examined the accuracy of total EE estimates against criterion measures. Currently limited 95 
evidence regarding PA monitors’ validity of EE in children and adolescents exists. 96 
Furthermore, EE measured during similar study designs included resting energy expenditure 97 
(REE), thus providing estimates of total EE, which does not reflect net physical activity EE 98 
(PAEE). PAEE may contribute to total EE less, however it is the most variable and 99 
unpredictable component of total EE and has the potential to increase it significantly [13]. 100 
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Because of the relationship between the amount of PA and health outcomes [1], accurate 101 
estimation of net PAEE using wearable monitors is required. 102 
Recently, in addition to PA monitors, smartphones have been considered a powerful tool with 103 
which to study large-scale population health on a global scale, due to their vast adoption 104 
among individuals in developed and developing countries [14]. Many smartphone apps are 105 
now available for counting steps, estimating caloric expenditure, and tracking traverced 106 
distances [via Global Positioning System (GPS)]. Even though there are some attempts to 107 
validate a few smartphone apps, these studies have focused on the accuracy of step detection 108 
while walking on a treadmill, rather than validating EE estimates [15-17]. The validation of 109 
PA apps is even more urgent nowadays since similar apps with low accuracy and insufficient 110 
selection justification [18, 19] are used in large observational studies with big datasets [20].  111 
Precise PA measurement is important for health research and thus, the aim of the present 112 
study was to validate the PAEE estimates of one researched-based, one GPS and two 113 
consumer-based monitors, as well as six Android apps (three pedometer- and three GPS-114 
based apps) in a sample of healthy adolescents. The main outcome was the criterion validity 115 
of PAEE estimates retrieved from the above-mentioned monitors and apps, compared to 116 
indirect calorimetry (i.e. Cosmed K4b2). Based on the evaluation framework proposed by 117 
Keadle, Lyden, Strath, Staudenmayer and Freedson [21], we used a naturalistic validation 118 
study design in real-world conditions, which included self-paced outdoor walking and 119 
running. The submaximal outdoor walking and running tests were performed in regular 120 
outdoor conditions in Greece with the aim of providing data from uncontrolled and 121 
sometimes challenging conditions, where participants would train and perform their regular 122 
fitness activities. 123 
 124 
Methods 125 
Study design 126 
The design of the study was cross-sectional in nature and 21 healthy adolescents, with no 127 
contraindications for exercise and no known orthopaedic limitations that would prevent them 128 
from completing the assessments, participated. All adolescents, as well as their parents, read 129 
and signed an informed consent document approved by the School of Sport Science and 130 
Physical Education of Athens Research Ethics Committee, informing them of the risks and 131 




Participants reported to the researchers twice. During the first visit, anthropometric and 134 
resting EE (REE) measures were obtained in controlled laboratory settings. The second visit 135 
(i.e., 2 - 3 days after the first visit) took place in a track and field elliptical stadium. Field tests 136 
were performed outdoors between November and January in Greece, in regular winter 137 
exercising conditions, that is, during days when it was not raining, and the temperature was 138 
above 10 °C. The participants were instructed to wear their own outdoor sports clothing as 139 
appropriate for the current weather during the test. These conditions are typical outdoor 140 
training conditions in Greece and, hence, provide a good benchmark for challenging real 141 
outdoor training conditions that are faced by adolescents while exercising. 142 
The participants were fitted with the portable metabolic analyser (i.e. Cosmed K4b2), four 143 
different activity trackers and three smartphones, each one running simultaneously two 144 
different apps (one GPS and one pedometer-based app). SenseWear was worn on the 145 
nondominant arm. Vivofit was worn on the right wrist and Forerunner on the left wrist. Vifit, 146 
as well as the three smartphones, were strapped close to the body on a waist-worn elastic belt 147 
over the left hip, near the anterior axillary line, and were counterbalanced for anterior and 148 
posterior placement on the hip among participants. All devices were updated with the 149 
participants’ age, sex, height, dominant hand, weight1 and length stride. All monitors’ 150 
firmware and apps’ software were updated to the latest available version. In addition to the 151 
devices, a heart rate monitor (Garmin HRM-Dual™) was placed around participants’ chest to 152 
capture exercise heart rate and to incorporate this measurement in the EE algorithm of the 153 
two monitors (i.e. Vivofit and Forerunner).  154 
Participants had to perform a total of two field tests in regular outdoor conditions: overground 155 
walking and submaximal running, at a self-selected pace. The only limitation that existed was 156 
that walking speed should be between 3 and 6 km/h and running speed should be above 8 157 
km/h, following the American College of Sports Medicine [22] recommendations (speed 158 
between 6 and 8 km/h is considered a transitional speed between walking and running and 159 
should be avoided in experimental procedures). The actual average walking speed, estimated 160 
by Forerunnner, was M = 5.27 km/h (SD = 0.62) for walking and M = 11.05 km/h (SD = 161 
1.47) for running, respectively. Between the two trials, participants could rest for 5 minutes 162 
and all devices were paused simultaneously. During pause, all apps’ specific settings were 163 
changed from walking to running option. 164 
                                                          
1 In addition to each participant’s weight, 1 kg was added in order to take into account the extra weight of the 
portable analyser (i.e. if a participant weighted 66 kg, a total of 67 (66 + 1) kg was entered in the device).  
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Distance was recorded with a manual distance measuring wheel [Roadrunner RR182 165 
(Keson)], by measuring the walking route two times and then taking the mean distance for an 166 
ending point. The total distance that all participants had to walk, and run was 1.2 km for each 167 
trial (2.4 km in total). Smartphones were set to airplane mode to avoid interactions with the 168 
mobile phone providers (i.e. no data connection), and all devices were activated 169 
simultaneously. In the end of each trial, data initially were stored manually and at a later time 170 
were uploaded to the relating devices’ software.  171 
 172 
Participants 173 
Twenty one healthy adolescents (n = 10 boys, n = 11 girls) with an age range of 12-18 years 174 
(15.9 ± 2.0 years), body mass index range of 15.1 - 28.6 kg/m2 (21.5 ± 4.3 kg/m2) were 175 
screened and participated in the study (with no drop-outs). Power analysis was not conducted 176 
because of a lack of previously published (or a priori) identified effect sizes of adolescents’ 177 
PEAA estimates from smartphone apps.  178 
 179 
Anthropometric assessment 180 
Standing height was measured to the nearest 0.1 cm using a wall mounted Harpenden 181 
stadiometer (Harpenden, London, UK) using standard procedures. Body mass was measured 182 
with participants in light clothes and bare feet on an electronic scale (Omron BF-511) to the 183 
nearest 0.1 kg. Body mass index was calculated as weight (kg) / height squared (m2). Body 184 
fat percentage was assessed using a 3-skinfold measurement (i.e. triceps, subscapular and calf 185 
skinfolds), taken with a Harpenden caliper (Harpenden, HSK-BI, UK) and the equations for 186 
adolescents proposed by Slaughter et al. [23]. All anthropometric measurement results are 187 
presented in Table 1.   188 
 189 
--- Insert Table 1 approximately here --- 190 
 191 
Metabolic parameters assessment 192 
Cosmed K4b2 (Cosmed): The Cosmed (Cosmed S.r.I., Rome, Italy) was used to measure 193 
oxygen consumption (VO2) and carbon dioxide production (VCO2) during the entire study 194 
protocol and was the criterion measure for EE. Breath-by-breath measurements were 195 
collected using Hans Rudolph masks (Hans Rudolf, Inc., Kansas City, MO) worn by 196 
participants and were used to determine VO2 and VCO2 in litres per minute (L/min), which 197 
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was converted to EE with the Weir equation [24]. Volume and gas calibrations were 198 
performed before each trial following manufacturer’s instructions. 199 
In order to estimate REE, during the first laboratory visit participants were asked to lay down 200 
for 10 min and then were fitted with the portable metabolic analyser for 15 min, as well as a 201 
heart rate monitor (Garmin HRM-Dual™) to measure resting heart rate. The estimated REE 202 
was expressed as kilocalories per day. The REE measurement was performed in the morning 203 
(i.e., 6.00 - 10.00) after a 10-hour fast, following previously published guidelines [25]. 204 
Participants were instructed to avoid vigorous exercise the day before the testing and to eat 205 
their usual diet.  206 
 207 
Wearable monitors 208 
SenseWear Armband Pro 3 (SenseWear): The SenseWear (BodyMedia Inc., Pittsburgh, PA, 209 
USA) is an innovative, multisensor research-based high-cost armband monitor that integrates 210 
movement data from a three-dimensional accelerometer with various heat-related variables 211 
and galvanic skin response to estimate EE. The ProConnect software was used to assess EE 212 
data. 213 
Garmin Forerunner 310XT (Forerunner): Forerunner (Garmin International Inc., Olathe, KS, 214 
U.S.A.) is a mid-cost GPS-enabled training and heart rate wrist-worn monitor for multisport 215 
athletes. It tracks time, distance, average and lap speed and pace, heart rate with a premium 216 
heart rate monitor, on land and estimated calorie burn. The main method for EE estimation on 217 
Garmin fitness monitors uses the Firstbeat algorithm [26]. The calculation takes into account 218 
the user’s inputted variables including gender, height, weight and fitness class. It then 219 
combines the data with heart rate information from the heart rate strap. More specifically, it 220 
evaluates the time between heartbeats (beat to beat) to determine estimated Metabolic 221 
Equivalent (MET), which in turn is used to determine actual work expenditure.  222 
Garmin Vivofit (Vivofit): Vivofit (Garmin International Inc., Olathe, KS, U.S.A.) is a mid-223 
cost wrist-based, triaxial accelerometer-based monitor that measures steps taken, distance 224 
travelled, calories expended and sleep quality. When paired with a Garmin heart rate chest 225 
strap, the device can also measure the user’s heart rate and incorporate this measurement in 226 
the EE estimation algorithm. The Garmin Connect software was used to assess EE data for 227 
both Vivofit and Forerunner.  228 
Medisana Vifit (Vifit): Vifit (Medisana AG, Neuss, Germany) is a low-cost waist-worn 229 
accelerometer that counts and keeps track of steps taken and calories burned. By means of a 230 
triaxial accelerometer and altimeter technology it records all daily and nightly PA. In 231 
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comparison to more sophisticated PA monitors, it only has the option to insert walking stride 232 
length for PAEE estimation (instead of both walking and running). ViFit also measures the 233 
duration and quality of sleep. The VitaDock Online software was used to assess EE data. 234 
 235 
Android apps 236 
This study used three Samsung smartphones S8 based on the Android operating system. 237 
Inclusion criteria for all applications were: (1) Free of charge indefinitely after download. 238 
Applications with a free trial period of finite length were excluded; (2) Full and efficient 239 
functionality after downloading, without additional software download being necessary; (3) 240 
Functionality only through the built-in accelerometer for the pedometers and GPS for the 241 
GPS apps (no 3g/4g signal); (4) Ability to record the number of steps taken, average speed, 242 
total distance and energy expenditure; (5) Adjustable sensitivity settings for the pedometers; 243 
(6) Manual input of demographic and somatometric data (sex, age, weight, height and step 244 
length for walking and running) for accurate EE estimation; (7) Manual choice activity type 245 
(i.e. walking or running); (8) Among the most popular and downloadable applications, 246 
according to users’ ratings and number of downloads from the Google Play Store (as 247 
mentioned in the Store on the 23 March 2018). Specifically, for the pedometer apps, they 248 
should include an option to capture steps taken during walking and running separately, by 249 
inputting different stride length for the two conditions.     250 
Runkeeper: Runkeeper (ASICS Digital, Inc.) is an app designed to log several outdoor sports 251 
by GPS, such as running, walking, skiing or skating. This app is able to record all the basic 252 
data: duration, distance, speed, pace and elevation. Based on these variables and additional 253 
information (i.e., body weight, gender and age), the app also estimates total calories burned 254 
[27].  255 
Runtastic running app (Runtastic): Runtastic app (Runtastic GmbH) captures all the basic 256 
data: distance, average speed, speed between mile markers, elevation, pace, pace between 257 
mile markers, duration, calories burned and route as plotted on a map using GPS. It can be 258 
used in many different outdoor or indoor activities such as running, cycling, playing tennis, 259 
etc. [28].  260 
Sports Tracker running cycling (Sports Tracker): Sports Tracker app (Sports Tracking 261 
Technologies) tracks calories burned, average training, cycling speed and more, with the use 262 
of GPS maps, time and distance calculators. 263 
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Pedometer: Pedometer app (ITO Technologies, Inc.) records the number of steps walked and 264 
displays them along with the number of calories that have been burned, distance, walking 265 
time and speed per hour, with the use of the smartphone-based accelerometer.  266 
Accupedo Pedometer (Accupedo): Accupedo (Corusen LLC) is a pedometer app that 267 
monitors daily walking and calculates the physical activity level. The accuracy of this app is 268 
based on triaxial motion recognition algorithms which track walking patterns by filtering and 269 
rejecting non-walking activities. In addition, this app has enough display modes such as steps, 270 
distance, minutes and calories [29].  271 
Pedometer 2.0: Pedometer 2.0 (DSD) counts steps, calories, distance, speed, average speed, 272 
time in motion, takes all sorts of graphics and split table in different modes, according to 273 
BMI. Furthermore, it is the only application with a self-calibration capability, which was used 274 
in order to determine the appropriate sensitivity settings for every participant separately. 275 
 276 
Statistical analysis 277 
Breath-by-breath data from the indirect calorimetry were transformed with the 278 
implementation of longitudinal interpolation [30] into second by second values that were 279 
aggregated to provide total estimates of EE for the walking and running trials separately. The 280 
net PAEE for each device was then calculated by subtracting REE from total EE.   281 
Descriptive analyses were conducted to examine associations with the criterion measure. 282 
Repeated measures analysis of variance (ANOVA) statistical tests were performed to assess 283 
differences from all monitors and apps, and criterion measures for PAEE. When the test 284 
statistic was significant, post-hoc pairwise comparisons with Bonferroni correction were 285 
performed. The significance level was set at P < 0.05 and the partial η2 was presented as a 286 
measure of effect size for F-tests. A partial η2 value between 0.01 and 0.06 was associated 287 
with a small effect, between 0.06 and 0.14 with a medium effect, and 0.14 or greater with a 288 
large effect [31].  289 
Mean absolute percent errors (MAPE) were also calculated to provide an indicator of overall 290 
measurement error {MAPE = [(monitor measurement-criterion measure) / criterion measure] 291 
x 100} and was used as an outcome measure. A smaller MAPE represents better accuracy, 292 
and less than 10% can be considered acceptable for TEE [32].  293 
To further evaluate individual variations in a more systematic way, Bland-Altman plots with 294 
corresponding 95% limits of agreement and fitted lines (from regression analyses between 295 
mean and difference) with their corresponding parameters (i.e., intercept and slope) were 296 
presented [33]. A fitted line that provides a slope of 0 and an intercept of 0 exemplifies 297 
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perfect agreement. The statistical analyses were performed with SPSS version 23.0 for 298 




Participants averaged 64 ± 20 kcal during walking and 75 ± 20 kcal during running, 303 
respectively. The repeated measures ANOVA for both walking [F(5,93) = 3.91, P = 0.004, η2 304 
= 0.16] and running [F(2,48) = 8.82, P < 0.001, η2 = 0.31] were statistically significant, with 305 
large effect sizes. The post-hoc pairwise comparisons with Bonferroni corrections showed 306 
that Forerunner [F(1,20) = 12.87, P = 0.002], Runkeeper [F(1,20) = 4.61, P = 0.044], 307 
Runtastic [F(1,20) = 6.42, P = 0.020] and Accupedo [F(1,20) = 4.75, P = 0.041] significantly 308 
underestimated PAEE for walking, while SenseWear [F(1,20) = 10.17, P = 0.005], 309 
Forerunner [F(1,20) = 18.28, P < 0.001], Runkeeper [F(1,20) = 7.57, P = 0.012], Vifit 310 
[F(1,20) = 90.79, P < 0.001] and Pedometer [F(1,20) = 4.54, P = 0.046] significantly 311 
underestimated PAEE for running (Table 2). 312 
 313 
--- Insert Table 2 approximately here --- 314 
 315 
Figure 1 reports MAPE for all monitors and apps tested. During walking the magnitude of 316 
errors was least for Vifit (17.39%), while error rates for all other were above 20.0% (20.20% 317 
- 34.11%). During running the magnitude of errors was least for Runtastic (13.16%), 318 
followed by SenseWear (15.82%) and Runkeeper (18.22%). Error rates for the other monitors 319 
ranged from 21.24% to 37.46%.  320 
 321 
--- Insert Figure 1 approximately here --- 322 
 323 
The Bland-Altman results for PAEE for both walking and running trials are presented in 324 
Table 3 (Bland-Altman plots are included in the Supplementary file). For walking, the plots 325 
revealed the narrowest 95% limits of agreement for SenseWear (difference = 1.4 kcal) and 326 
slightly higher values for Sports Tracker (difference = -2.2 kcal), Vifit (difference = 2.4 kcal) 327 
and Pedometer (difference = -2.9 kcal), while values were the highest for Runkeeper 328 
(difference = 12.5 kcal) and Forerunner (difference = 15.6 kcal). During running, the 329 
narrowest 95% limits of agreement were observed for Runtastic (difference = 1.6 kcal), 330 
followed by Vivofit (difference = -5.5 kcal) and Runkeeper (difference = 8.1 kcal). The 331 
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highest values were observed for Forerunner (difference = 20.7 kcal) and Vifit (difference = 332 
27.3 kcal).  333 
 334 
--- Insert Table 3 approximately here --- 335 
 336 
Discussion 337 
The aim of the present study was to examine the accuracy of a variety of PA monitors and 338 
smartphone apps in estimating PAEE during self-paced outdoor walking and running in a 339 
sample of healthy adolescents. To our knowledge, this is the first study to examine these 340 
estimates from competing technologies, including both GPS-accelerometer monitors and 341 
smartphone apps, in youth. The primary finding from this study was that estimated PAEE 342 
from all monitors and apps had large individual errors, with the highest MAPE coming from 343 
Vifit during running (37.46%) and the lowest MAPE coming from Runtastic during running 344 
(13.16%). During walking, most individual errors ranged between 20% and 30%. Some 345 
monitors and apps tended to have lower group-level errors; however, none of these devices 346 
performed accurately during both conditions. One important finding was that freeware apps 347 
had comparable accuracy levels with the PA monitors.  348 
Due to a lack of studies in adolescents, comparisons for the PA monitors from the current 349 
study were limited to studies in adult populations. Only one recent study had tested PA 350 
monitors in youth and similarly found that these monitors had large group- and individual-351 
level errors for estimating EE [34]. The results of the current study were comparable to those 352 
of studies in adults, in which individual errors ranged between 10% and 30% [e.g. 32, 35, 353 
36].  354 
The inclusion of a research-grade monitor (SenseWear) as a comparison measure provided an 355 
advantage of this study, since previous studies had reported low total EE errors [27, 37, 38]. 356 
SenseWear was slightly more accurate in total compared to the remaining monitors and apps, 357 
however the individual-group errors were significant for a research-grade monitor. These 358 
results can be attributed to different, more structured validation protocols and activities in 359 
previous studies, as well as the fact that the present study was the first of its kind to validate 360 
the most recent algorithm 9.03 developed by BodyMedia company. This algorithm was 361 
considered to be more effective for estimating EE in youth, however the current results do not 362 
support this hypothesis. 363 
The two Garmin monitors (Forerunner and Vivofit) that were tested included heart rate 364 
technology to accelerometry to improve estimates of EE. Forerunner incorporates a 365 
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sophisticated algorithm developed by Firstbeat Technologies [26], which combines 366 
somatometric data with heart rate information for more accurate EE estimates. A recent meta-367 
analysis in adults concluded that the inclusion of heart rate or heat sensors in monitors could 368 
improve estimates of EE relative to accelerometry alone [12], however this was not supported 369 
by the current results. Vivofit and Forerunner had large individual errors for both walking 370 
and running conditions (>20%), while group-level errors were not significant only for 371 
Vivofit. A possible explanation for this inconsistency is the variability in estimates of heart 372 
rate from heart rate sensors, which is a common finding [12]. It is evident that these heart rate 373 
combined monitoring sensors cannot be considered adequate for estimating PAEE in 374 
adolescents during walking and running, and the proprietary algorithms used should be 375 
further developed and validated.  376 
The low-cost monitor validated in the present study (Vifit) was the only one placed around 377 
the waist over the hip, as proposed by the manufacturer. Vifit performed quite accurately 378 
during walking, with minimum group- and individual-level errors, however these errors 379 
increased significantly during running. A possible explanation for the different results in the 380 
two conditions is that this monitor uses one algorithm for estimating PA parameters and this 381 
algorithm does not differentiate between various activities (i.e. walking vs running), failing to 382 
take into account the elevated energy consumption during running. Vifit can be considered 383 
suitable only for light activities in adolescents, such as brisk walking, and this generally 384 
supports PA measurement accuracy with hip-worn compared to wrist-worn accelerometers.  385 
A unique aspect of this validation study was the inclusion of freeware GPS- and 386 
accelerometer-based smartphone apps. All previous approaches examined the validity of apps 387 
regarding step and distance counting (e.g. 15, 16, 39]. In general, apps had larger errors than 388 
monitors, based on the individual activity. The most accurate GPS app was Runtastic, which 389 
had the lowest error of all tested monitors and apps during running, while all three 390 
pedometer-based apps’ performance was similar with large individual errors over 20%. 391 
Furthermore, the pedometer-based apps showed patterns of proportional systematic bias of 392 
underestimating PAEE for running.  393 
Previous studies on apps’ step accuracy using Android smartphones showed an unacceptable 394 
error percentage of all apps during walking [16, 39]. It is possible that this initial step error 395 
existed in the present study and, since step and distance counting are the primary outcome 396 
measures of these apps, subsequently the estimation of PAEE was further miscalculated by 397 
the respective transformation algorithms. In other words, high step and distance counting 398 
errors may lead to unacceptable PAEE errors for Android PA apps, as well as monitors. This 399 
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can be considered a limitation of the present study, as step and distance estimates were not 400 
taken into account during analysis. 401 
Regarding smartphones’ position, we adopted waist placement for the smartphones (and 402 
subsequently for the apps) strapped close to the body, because the waist is close to the centre 403 
of mass of the human body, and the torso occupies the most mass of a human body. 404 
According to Yang and Hsu [40], this implies that the accelerations measured by a single 405 
sensor at this location can better represent the major human motion and a range of basic daily 406 
activities, including walking, can be classified more accurately according to the accelerations 407 
measured from a waist-worn sensor. Even though there are contradictory findings regarding 408 
the presumed possible impact of the phone’s position on the accuracy of step detection during 409 
walking at 6.0 km/h [15 vs 17], we are uncertain whether the accuracy would improve if 410 
smartphones were placed i.e. around the arm.  411 
When comparing the GPS monitor and the freeware GPS apps, Forerunner outperformed 412 
only Sports Tracker in both conditions, and all apps during walking. Runtastic and Runkeeper 413 
had substantially lower individual errors than Forerunner during running, while Forerunner 414 
also showed the highest group-level errors of all monitors and apps. On the contrary, all 415 
pedometer apps performed more accurately during walking than running.  416 
The main strengths of this study included the selection of monitors using various 417 
technologies (i.e. accelerometry, GPS and combined sensors) to estimate PAEE, and the 418 
comparison to a criterion measure of EE (indirect calorimetry). Other strengths included a 419 
sample consisting of adolescents, even distribution of boys and girls, submaximal outdoor 420 
walking and running tests in a realistic setting and randomization of the two activities to 421 
prevent systematic bias in the measurement. Limitations to this study included the limited 422 
sample size consisting of healthy participants performing two PA sessions, while future 423 
studies should include more semi- or un-structured activities in free-living environment. In 424 
addition, future studies should examine the validity of apps during activities of daily living, 425 
preferably over a time frame of 2-4 days to assess the suitability of these devices to be used 426 
for long-term accelerometry. Finally, the role of smartphone’s optimal position on the human 427 
body during exercise should be further investigated.  428 
 429 
Conclusion 430 
As growing evidence demonstrates the associations between PA-exercise and morbidity and 431 
mortality, more research and refinements in EE estimations and in the ability of PA monitors 432 
and apps to record PAEE is clearly needed. Based on individual errors, none of the monitors 433 
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and apps tested in this study was accurate compared to indirect calorimetry for estimating 434 
PAEE in adolescents, during self-paced walking and running. The only app that had an 435 
acceptable error was Runtastic during running. Group-level errors were lower for some of the 436 
monitors and apps, and freeware smartphone apps had comparable estimates of PAEE with 437 
those of consumer-based PA monitors. Group-level and individual errors were greater in 438 
adolescents compared to previous studies in adults, further indicating the need for 439 
independent validation studies in each population. Even though there is a need for low-cost, 440 
easy-to-use tracking devices for assessment and interventions [11], the results of the present 441 
study do not support the use of similar monitors and apps for assessment purposes. These 442 
devices should not be used as research measurement tools for recording precise and accurate 443 
PAEE estimates, and may be only suitable for use in large interventions of behaviour change, 444 
due to direct feedback provided to users and the minimum, or no, financial cost of the apps. 445 
Since these monitors and apps are widely used in everyday life, practitioners and adolescent 446 
trainees and athletes should be aware of these limitations regarding inaccuracy of PAEE 447 
estimation. Similar studies should be continuously conducted as technological advancement 448 
results in the annual release of new generations and software versions of consumer-based PA 449 
monitors and apps.  450 
 451 
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Table 1. Participants’ characteristics (Mean ± SD)  
 Boys Girls Total 
 Μ ± SD Μ ± SD Μ ± SD 
Age (years) 15.2 ± 2.3 16.6 ± 1.7 15.9 ± 2.0 
Weight (kg) 70.0 ± 11.7 55.2 ± 7.4 62.3 ± 9.2 
Height (m) 1.73 ± 0.11 1.66 ± 0.06 1.69 ± 0.09 
Body Mass Index (kg/m2) 23.0 ± 4.6 20.0 ± 2.0 21.5 ± 4.3 
Resting heart rate (bpm) 72.9 ± 9.1 68.4 ± 7.4 70.5 ± 8.4 
Body fat (%) 17.7 ± 6.7 20.6 ± 3.0 19.2 ± 5.2 
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Table 2. Results of repeated measures ANOVA PAEE (kcal) and comparison with criterion measure. 
 Walking Running 
 Μ SD Pairwise F Pairwise P 95% CI Μ SD Pairwise F Pairwise P 95% CI 
Criterion 64 20 - - - 75 18 - - - 
SenseWear 63 17 0.14 0.71 (-13) - 16 65** 22 10.17 0.005 (-2) - 20 
Forerunner 49** 15 12.87 0.002 (-1) - 32 54** 16 18.28 < 0.001 (-2) - 40 
Runkeeper 52* 16 4.61 0.044 (-10) - 35 66* 14 7.57 0.012 (-3) - 19 
Runtastic 54* 16 6.42 0.02 (-5) - 25 73 21 0.43 0.52 (-8) - 11 
Sports Tracker 66 14 0.14 0.71 (-25) - 21 86 15 3.53 0.08 (-34) - 12 
Vivofit 57 25 1.49 0.24 (-15) - 29 80 25 1.83 0.19 (-21) - 10 
Vifit 60 19 1.80 0.19 (-7) - 15 47** 18 90.79 < 0.001 (-16) - 38 
Pedometer  67 26 0.43 0.52 (-20) - 14 65* 31 4.54 0.046 (-8) - 28 
Accupedo 57* 16 4.75 0.041 (-6) - 20 85 35 3.72 0.07 (-32) - 11 
Pedometer 2.0 71 31 2.04 0.17 (-26) - 12 93 60 3.56 0.07 (-57) - 20 
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Table 3. PAEE Bland-Altman results during walking and running. 
 Walking Running 
 Μ diff 95% CI Slope P 95% CI Μ diff 95% CI Slope P 95% CI 
SenseWear 1.40 (-6.47) - 9.27 0.18 0.47 (-0.32) - .67 9.06 3.14 - 14.99 -0.19 0.22 (-0.51) - 0.13 
Forerunner 15.58 6.52 - 24.64 0.36 0.25 (-0.27) - 0.99 20.72 10.61 - 30.83 0.16 0.41 (-0.64) - 0.96 
Runkeeper 12.49 0.35 - 24.62 0.48 0.34 (-0.56) - 1.52 8.07 1.95 - 14.19 0.31 0.13 (-0.10) - 0.73 
Runtastic 9.82 1.73 - 17.90 0.24 0.34 (-0.280 - 0.77 1.63 (-3.58) - 6.83 -0.18 0.19 (-0.46) - 0.10 
Sports Tracker -2.18 (-14.39) - 10.02 0.96 0.09 (-0.18) - 2.11 -11.04 (-23.30) - 1.22 0.54 0.40 (-0.76) - 1.83 
Vivofit 6.93 (-4.90) - 18.77 -0.34 0.30 (-1.00) - 0.32 -5.54 (-17.07) - 2.99 -0.40 0.06 (-0.81) - 0.01 
Vifit 2.38 (-2.12) - 9.78 0.05 0.75 (-0.29) - 0.40 27.31 21.33 - 33.29 -0.02 0.92 (-0.39) - 0.35 
Pedometer  -2.90 (-12.11) - 6.31 -0.31 0.17 (-0.76) - 0.14 9.77 (0.21) - 19.33 -0.60** 0.001 (-0.92 - (-0.27) 
Accupedo 7.33 0.32 - 14.35 0.22 0.30 (-0.21) - 0.66 -10.76 (-22.39) - 0.87 -0.74** <0.001 (-1.08 - (-0.40) 
Pedometer 2.0 -6.90 (-16.96) - 3.17 -0.51** 0.01 (-0.89) - (-0.12) -18.71 (-39.40) - 1.99 -1.13** <0.001 (-1.33) - (-0.94) 






















Figure 2. Bland-Altman plot for SenseWear PAEE estimates during walking 
compared with criterion measure. 
 























Figure 3. Bland-Altman plot for Forerunner PAEE estimates during walking 
compared with criterion measure. 
 
 



















Figure 4. Bland-Altman plot for Runkeeper 2.0 PAEE estimates during walking 

















































Figure 6. Bland-Altman plot for Sports Tracker PAEE estimates during walking 


























Figure 7. Bland-Altman plot for Vivofit PAEE estimates during walking compared 

















































Figure 9. Bland-Altman plot for Pedometer PAEE estimates during walking 























Figure 10. Bland-Altman plot for Accupedo PAEE estimates during walking 

























Figure 11. Bland-Altman plot for Pedometer 2.0 PAEE estimates during walking 























Figure 12. Bland-Altman plot for SenseWear PAEE estimates during running 























Figure 13. Bland-Altman plot for Forerunner PAEE estimates during running 
























Figure 14. Bland-Altman plot for Runkeeper PAEE estimates during running 
























Figure 15. Bland-Altman plot for Runtastic PAEE estimates during running 























Figure 16. Bland-Altman plot for Sports Tracker PAEE estimates during running 

























Figure 17. Bland-Altman plot for Vivofit 2.0 PAEE estimates during running 



























Figure 18. Bland-Altman plot for Vifit PAEE estimates during running compared 
























Figure 19. Bland-Altman plot for Pedometer PAEE estimates during running 






















Figure 20. Bland-Altman plot for Accupedo PAEE estimates during running 
























Figure 21. Bland-Altman plot for Pedometer 2.0 PAEE estimates during running 
compared with criterion measure. 
 

















Reply to the 3rd reviewer 
 
Initially we would like to thank the 3rd reviewer for his/her thorough review and for the comments towards the improvement of the manuscript 
and resubmit this manuscript for further consideration. We attempted to address the reviewer’s comments in the most appropriate way. Below 
we provide a table that details the specific changes made to the manuscript based on the reviewers’ comments. Each line provides the page 
number and line number where the change can be located along with a description of what was changed. Changes made to the manuscript 
based on the reviewer comments are highlight in yellow throughout the manuscript. Any typographical errors noted by the reviewers, as well as 
some that we identified in our own rereading of the manuscript, have been corrected, but are not addressed in the table below. 
 
No. Page Lines Comments Changes/Rationale 
- - - In addition, they need to update the 
reference. Some suggestion will be provided 
in the specific comments. The methods 
section needs to be expanded with necessary 
information. 
We tried to follow all relevant recommendations, update the 
references and expand the methods section.  
We would like to highlight though that the previous 2 reviewers, 
on the contrary to the 3rd reviewer’s suggestions, had suggested 
to reduce the word count and not to include more elements. This 
resulted in almost 1,000 words reduction during the previous 
reviews. 
1 1 1 I suggest to change your title in "Criterion 
validity of different wearable electronic 
devices to measure physical activity energy 
expenditure in adolescents. 
We changed the title to “Criterion validity of wearable monitors 
and smartphone applications to measure physical activity energy 
expenditure in adolescents”. We believe that this title more 
adequately captures the purpose of the study, since the general 
term “devices” usually refers to monitors and not apps. 
2 2 36-57 The abstract is not written according to Sport 
Science for Health Guidelines (purpose, 
methods, results, conclusions). Please check 
We would like to thank the reviewer for this remark. The abstract 
has been written according to the Journal’s guidelines. 
We would like to highlight that in the Submission guidelines 




it over. webpage (https://www.springer.com/journal/11332/submission-
guidelines#Instructions%20for%20Authors_Types%20of%20Pap
ers) there are two different approaches for writing the abstract¨ 
1. Structured Abstract (except for Editorials, Letters to the Editor, 
Short Communications): Background; Aims; Methods; Results 
and Conclusions; 
2. Purpose, Methods, Results, Conclusion. 
This is somehow confusing. 
3 2 42 Please add here what is the design of your 
study. 
The design of the study (cross-sectional) has been added. 
4 2 42 What does "M" mean? Please define it. “M” has been deleted (it actually meant mean). 
5 2 63 In order to be more friendly reader, I would 
suggest to add a list of all the abbreviation of 
the manuscript. 
A list of the abbreviations included in the manuscript has been 
included in lines 61-67. 
6 3 75-77 
(New 74-80) 
Here I would also suggest referring quality 
and quantity of physical activity also to 
exercise adherence. 
A few systematic reviews regarding the various strategies to 
promote PA and increase exercise adherence based on apps 
and wearable devices have been added, based on the reviewer’s 
suggestion. 
7 3 105-114 
(New 118-
120) 
In order to make your introduction more 
hypothesis driven you have to define better 
what is the aim of your study précising what 
is the primary outcome and then the 
secondary outcomes. 
A sentence has been added to highlight the main outcomes of 
the present study. 
8  Methods The methods must be clear so that the study 
can be replicate as to equipment, subjects, 
context of training level and rationale for the 
design of each independent and dependent 
variable as we need to know more about 
Initially we followed the general approach that similar research 
papers present the Methods section (including all subsections). 
We also followed the structure of previously submitted papers in 
the Sport Science for Health journal, which had a similar 
structure to ours.  
3 
 
enrolment, subjects, procedures etc. This 
needs to be very highly specific as to source 
of equipment etc. I would suggest reordering 
your methods. 
Since the reviewer believes that the structure should be altered, 
we followed the specific instruction provided and the Methods 
section has been restructured according to the guidelines 
suggested. 
9  Discussion The clarity of your discussion needs to be 
improved a bit and qualified where 
appropriate as you need to stick to what your 
experimental design can tell us with your data 
and limit speculation or qualify them, and 
make sure that your statement are 
referenced. 
The Discussion was been slightly altered, including elements of 
the experimental design. The speculations have been limited, 
however the qualification of the monitors and apps according to 
the current findings has not been removed. This is a similar 
approach followed in many validation studies, because the 
readers should be aware which devices are more valid and 
suitable for use in different settings. It is also important for the 
readers to know whether, or not, low-cost monitors and apps 
perform similarly to ones that are more expensive. Many 
references have been included in the manuscript in order to 
support the arguments presented.    
10  Discussion I would suggest to insert in your conclusions 
the practical application of your study. What 
should now physicians, trainers and 
practitioners now have to do after reading 
your paper? Does it affect practice is the key 
factor for this section. 
The practical applications of the study have been included in the 
Conclusion section. 
 
 
 
 
 
 
